Regulatory variation plays a key role in the genetics of complex traits [1] [2] [3] . Methods 2 that partition the contribution of environment and genetic components are useful tools 3 to understand the biology underlying complex traits. Partitioning heritability into 4 different functional classes (e.g. promoters, coding regions, DNase I hypersensitivity 5 sites) has been successful in quantifying the contribution of different mechanisms that 6 drive the etiology of diseases [3] [4] [5] . 7 Most human expression quantitative trait loci (eQTL) studies have focused on how 8 local genetic variation affects gene expression in order to reduce the multiple testing 9 burden that would be required for a global analysis [6, 7] . Furthermore, when both local 10 and distal eQTLs are reported [8] [9] [10] , effect sizes and replicability are much higher for 11 local eQTLs. While many common diseases are likely polygenic [11] [12] [13] , it is unclear 12 whether gene expression levels are also polygenic or instead have simpler genetic 13 architectures. It is also unclear how much these expression architectures vary across 14 genes [6].
Abstract
Understanding the genetic architecture of gene expression traits is key to elucidating the underlying mechanisms of complex traits. Here, for the first time, we perform a systematic survey of the heritability and the distribution of effect sizes across all representative tissues in the human body. We find that local h 2 can be relatively well characterized with 59% of expressed genes showing significant h 2 (FDR < 0.1) in the DGN whole blood cohort. However, current sample sizes (n ≤ 922) do not allow us to compute distal h 2 . Bayesian Sparse Linear Mixed Model (BSLMM) analysis provides strong evidence that the genetic contribution to local expression traits is dominated by a handful of genetic variants rather than by the collective contribution of a large number of variants each of modest size. In other words, the local architecture of gene expression traits is sparse rather than polygenic across all 40 tissues (from DGN and GTEx) examined. This result is confirmed by the sparsity of optimal performing gene expression predictors via elastic net modeling. To further explore the tissue context specificity, we decompose the expression traits into cross-tissue and tissue-specific components using a novel Orthogonal Tissue Decomposition (OTD) approach. Through a series of simulations we show that the cross-tissue and tissue-specific components are identifiable via OTD. Heritability and sparsity estimates of these derived expression phenotypes show similar characteristics to the original traits. Consistent properties relative to prior GTEx multi-tissue analysis results suggest that these traits reflect the expected biology. Finally, we apply this knowledge to develop prediction models of gene expression traits for all tissues. The prediction models, heritability, and prediction performance R 2 for original and decomposed expression phenotypes are made publicly available (https://github.com/hakyimlab/PrediXcan).
Author Summary
Gene regulation is known to contribute to the underlying mechanisms of complex traits.
The GTEx project has generated RNA-Seq data on hundreds of individuals across more than 40 tissues providing a comprehensive atlas of gene expression traits. Here, we systematically examined the local versus distant heritability as well as the sparsity Table 1 summarizes the local heritability estimate results across all tissues. In order 76 to obtain an unbiased estimate of mean h 2 across genes, we do not constrain the model 77 to only output h 2 estimates between 0 and 1. Instead, as done previously [10, 29] , we 78 allow the h 2 estimates to be negative when fitting the model and thus refer to it as the 79 unconstrained REML. This approach reduces the standard error of the estimated mean 80 of heritability (law of large numbers). For distal heritability, the errors in the individual 81 PLOS 5/47 heritability estimates were still too large to render a significant mean distal heritability, 82 even in DGN whole blood, the tissue with the largest sample size (S1 Fig) . The local 83 component of h 2 is relatively well estimated in DGN whole blood with 59% of genes 84 (7474 out of 12719) showing FDR < 0.1 ( Table 1) . 85 It has been shown that local-eQTLs are more likely to be distal-eQTLs of target 86 genes [30] . However, restricting the distal h 2 estimates to known eQTLs on non-gene 87 chromosomes discovered in a separate cohort (see Methods) did not improve distal h 2 88 estimates. 89 We examined the sensitivity of our local h 2 estimates to uneven linkage 90 disequilibrium (LD) across the genome using LDAK [31] , a method proposed to account 91 for LD. Overall, we find good concordance between GCTA and LDAK estimates, with 92 slightly lower LDAK estimates (S2 Fig) . Given the limited sample size we will focus on 93 local regulation for the remainder of the paper.
94
Across all tissues 15-59% of genes had significant estimates (FDR < 0.1) as shown in 95 are from the GTEx Project. Cross-tissue uses derived expression levels from our orthogonal tissue decomposition (OTD) of GTEx data. Mean heritability (h 2 ) is calculated across genes for each tissue. The standard error (SE) is estimated from the h 2 estimates obtained when the expression sample labels are shuffled 100 times. The percentage (%) and number (num) of genes with significant h 2 estimates (FDR < 0.1) in each tissue are reported. The number of genes in each tissue with mean RPKM > 0.1 (num expressed) is also reported. Next, we sought to determine whether the local common genetic contribution to gene 109 expression is polygenic or sparse. In other words, whether many variants with small 110 effects or a small number of large effects were contributing to expression trait variability. 111
To do this, we used the BSLMM [14] approach, which models the genetic contribution 112 
117
For genes with low heritability, our power to discern between sparse and polygenic 118 architecture is limited. In contrast, for highly heritable genes, the credible sets are 119 tighter and we are able to determine that the sparse component is large. For example, 120 the median PGE was 0.99 [95% CI: 0.94-1] for genes with PVE > 0.50 ( Fig. 2A) To further confirm the local sparsity of gene expression traits, we looked at the 127 prediction performance of a range of models with different degrees of polygenicity, such 128
as the elastic net model with mixing parameter values ranging from 0 (fully polygenic, 129 ridge regression) to 1 (sparse, LASSO). We performed 10-fold cross-validation using the 130 elastic net [23] to test the predictive performance of local SNPs for gene expression α = 1 (equivalent to LASSO), the trait is highly sparse. We found that for most gene expression traits, the cross-validated R 2 was smaller for α = 0 and α = 0.05, but nearly 137 identical for α = 0.5 through α = 1 in the DGN cohort ( Fig. 3 ). An α = 0.05 was also 138 clearly suboptimal for gene expression prediction in the GTEx tissues, while models 139 with α = 0.5 or 1 had similar predictive power (S3 Fig) . Together with the BSLMM 140 results, this suggests that for most genes, the effect of local common genetic variation 141 on gene expression is sparse rather than polygenic.
142 Figure 3 . DGN cross-validated predictive performance across the elastic net. Elastic net prediction models were built in the DGN whole blood and performance was quantified by the cross-validated R 2 between observed and predicted expression levels.
(A) This panel shows the 10-fold cross validated R 2 for 51 genes with R 2 > 0.3 from chromosome 22 as a function of the elastic net mixing parameters (α). Smaller mixing parameters correspond to more polygenic models while larger ones correspond to more sparse models. Each line represents a gene. The performance is in general flat for most values of the mixing parameter except very close to zero where it shows a pronounced dip. Thus polygenic models perform more poorly than sparse models. (B) This panel shows the difference between the cross validated R 2 of the LASSO model and the elastic net model mixing parameters 0.05 and 0.5 for autosomal protein coding genes. Elastic net with α = 0.5 values hover around zero, meaning that it has similar predictive performance to LASSO. The R 2 difference of the more polygenic model (elastic net with α = 0.05) is mostly above the 0 line, indicating that this model performs worse than the LASSO model.
BSLMM outperforms LMM in estimating h 2 for small samples 143
In DGN, there is a strong correlation between BSLMM-estimated PVE and 144 GCTA-estimated h 2 (Fig. 2B, R=0 .96). In contrast, when we applied BSLMM to the 145 GTEx data, we found that many genes had measurably larger BSLMM-estimated PVE 146 than LMM-estimated h 2 (Fig. 4 ). This is further confirmation of the predominantly LMM approach to estimate heritability is that the genetic effect sizes are normally Since a substantial portion of local regulation was shown to be common across multiple 171 tissues [27] , we sought to decompose the expression levels into a component that is 172 common across all tissues and tissue-specific components. Figure 5 The right side has the component specific for the individual, independent of the tissue and the tissue-specific component. Given the lack of multiple replications for a given tissue/individual we use a mixed effects model with a random effect that is specific to the individual. The cross-tissue component is estimated as the posterior mean of the subject-specific random effect. The tissue-specific component is estimated as the residual of the model fit, i.e. the difference between the "whole tissue" expression and the cross-tissue component. The rationale is that once we remove the component that is common across tissues, the remaining will be specific to the tissue. Models are fit one gene at a time. Covariates are not shown to simplify the presentation.
First, we sought to demonstrate that OTD is able to identify the cross-tissue and 180 tissue-specific components via simulations. We generated simulated traits so that the true cross-tissue and tissue-specific components are known. To preserve the correlation 182 structure between genes and tissues, we considered the estimated cross-tissue and As for the tissue-specific components, the cross-tissue heritability estimates were also 212 larger and the standard errors were smaller reflecting the fact that a substantial portion 213 of regulation is common across tissues (S10 Fig) . The percentage of GCTA h 2 estimates 214 with FDR <0.1 was much larger for cross-tissue expression (20%) than the tissue-specific expressions (6-13%, S1 Table) . Similarly, the percentage of BSLMM PVE 216 estimates with a lower credible set greater than 0.01 was 49% for cross-tissue expression, 217 but ranged from 24-27% for tissue-specific expression (S9 Fig) .
218
Cross-tissue predictive performance exceeded that of both tissue-specific and whole 219 tissue expression as indicated by higher cross-validated R 2 (S11 Fig) . Like whole tissue 220 expression, cross-tissue and tissue-specific expression showed higher predictive 221 performance when using more sparse models. In other words elastic-net models with 222 α ≥ 0.5 predicted better than the ones with α = 0.05 (S11 Fig) . To verify that the cross-tissue phenotype has the properties we expect, we compared our 226 OTD results to those from a joint multi-tissue eQTL analysis [33] , which was previously 227
performed on a subset of the GTEx data [27] covering 9 tissues. In particular, we used 228 the posterior probability of a gene being actively regulated (PPA) in a tissue. These 229 analysis results are available on the GTEx portal (see Methods).
230
First, we reasoned that genes with high cross-tissue h 2 would be actively regulated 231
in most tissues so that the PPA of a gene would be roughly uniform across tissues. By 232 contrast, a gene with tissue-specific regulation would have concentrated posterior 233 probability in one or a few tissues. Thus we decided to define a measure of uniformity of 234 the posterior probability vector across the 9 tissues using the concept of entropy. More 235 specifically, for each gene we normalized the vector of posterior probabilities so that the 236 sum equaled 1. Then we applied the usual entropy definition (negative of the sum of the 237 log of the posterior probabilities weighted by the same probabilities, see Methods). In 238 other words, we defined a uniformity statistic that combines the nine posterior 239 probabilities into one value such that higher values mean the gene regulation is more 240 uniform across all nine tissues, rather than in just a small subset of the nine.
241
Thus, we expected that genes with high cross-tissue heritability would show high 242 probability of being active in multiple tissues and have high uniformity measure.
243
Reassuringly, this is exactly what we find. Genes with high cross-tissue heritability 244 concentrate on the higher end of the uniformity measure ( Fig. 6, S12 Fig) . For the original whole tissue, we expected the whole tissue expression heritability to 246 correlate with the posterior probability of a gene being actively regulated in a tissue.
247
This is confirmed in Figure 7A where PPA in each tissue is correlated with the BSLMM 248 PVE of the expression in that tissue. In the off diagonal elements we observe high 249 correlation between tissues, which was expected given that large portion of the 250 regulation has been shown to be common across tissues. Whole blood has the lowest 251 correlation consistent with whole blood clustering aways from other tissues [27] . In 252 contrast, Figure 7B shows that the tissue-specific expression PVE correlates well with 253 matching tissue PPA but the off diagonal correlations are substantially reduced [15, [36] [37] [38] . Better methods to correct for hidden confounders that do not 282 dilute distal signals and larger sample sizes will be needed to determine the properties 283 of distal regulation.
284
Given that a substantial portion of local regulation is shared across tissues, we 285 proposed here to decompose the expression traits into cross-tissue and tissue-specific 286 components. This approach, called orthogonal tissue decomposition (OTD), aims to 287 decouple the shared regulation from the tissue-specific regulation. We examined the 288 genetic architecture of these derived traits and find that they follow similar patterns to 289 the original whole tissue expression traits. The cross-tissue component benefits from an 290 effectively larger sample size than any individual tissue trait, which is reflected in more 291 accurate heritability estimates and consistently higher prediction performance.
292
Encouragingly, we find that genes with high cross-tissue heritability tend to be 293 regulated more uniformly across tissues. As for the tissue-specific expression traits, we 294 found that they recapitulate correlation with the vector of probability of tissue-specific 295 regulation. Many groups have proposed integrating genotype and expression data to 296 understand complex traits [15, 22, [37] [38] [39] [40] . Through integration of our OTD expression 297 traits with studies of complex diseases, we expect results from the cross-tissue models to 298 relate to mechanisms that are shared across multiple tissues, whereas results from the 299 tissue-specific models will inform us about the context specific mechanisms.
300
In this paper, we quantitate the genetic architecture of gene expression and develop 301 predictors across tissues. We show that local heritability can be accurately estimated 302 across tissues, but distal heritability cannot be reliably estimated at current sample 303 sizes. Using two different approaches, BSLMM and the elastic net, we show that for 304 common local gene regulation, the genetic architecture is mostly sparse rather than normalized expression and imputed genotype data to generate prior eQTLs for our heritability analysis.
Partitioning local and distal heritability of gene expression 368
Motivated by the observed differences in regulatory effect sizes of variants located in the 369 vicinity of the genes and distal to the gene, we partitioned the proportion of gene mixed-effects model:
where Y g represents the expression of gene g, X k is the allelic dosage for SNP k, local 376 refers to the set of SNPs located within 1Mb of the gene's transcription start and end, 377 distal refers to SNPs in other chromosomes, and is the error term representing 378 environmental and other unknown factors. We assume that the local and distal 379 components are independent of each other as well as independent of the error term. We 380 assume random effects for w local k,g ∼ N (0, σ 2 w,local ), w distal k,g ∼ N (0, σ 2 w,distal ), and 381 ∼ N (0, σ 2 I n ), where I n is the identity matrix. We calculated the total variability 382 explained by local and distal components using restricted maximum likelihood (REML) 383
as implemented in the GCTA software [28] .
384
In an effort to determine if distal heritability estimates could be improved, we also 385 tested a mixed-effect model restricting the distal component to known eQTLs on 386 non-gene chromosomes discovered in the Framingham cohort at FDR < 0.05. When we 387 found the distal estimate could not be improved, we focused on estimating local 388 heritability without the distal component in the equation above.
389
For the purpose of estimating the mean heritability (see Table 1 , S1 Fig and S1 390 Table) , we allowed the heritability estimates to take negative values (unconstrained 391 model). Despite the lack of obvious biological interpretation of a negative heritability, it 392
is an accepted procedure used in order to avoid bias in the estimated mean [10, 29] .
393
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Genes with FDR < 0.1 (derived from the two-sided GCTA P-value) were considered to 394 have significant heritability.
395
For comparing to BSLMM PVE, we restricted the GCTA heritability estimates to be 396 within the [0,1] interval (constrained model, see Figures 2, 4 and 6) .
397
Quantifying sparsity with Bayesian Sparse Linear Mixed 398 Modeling (BSLMM) 399 We used BSLMM [14] to model the effect of local genetic variation (common SNPs effects) enforced by sparsity inducing priors on the regression coefficients [14] . BSLMM 403 assumes the genotypic effects come from a mixture of two normal distributions and thus 404 is flexible to both polygenic and sparse genetic architectures [14] . We used the software 405
GEMMA [54] to implement BSLMM for each gene with 100K sampling steps per gene. 406 BSLMM estimates the PVE (the proportion of variance in phenotype explained by the 407 additive genetic model, analogous to the heritability estimated in GCTA) and PGE (the 408 proportion of genetic variance explained by the sparse effects terms where 0 means that 409 genetic effect is purely polygenic and 1 means that the effect is purely sparse). From the 410 second half of the sampling iterations for each gene, we report the median and the 95% 411 credible sets of the PVE, PGE, and the |γ| parameter (the number of SNPs with 412 non-zero coefficients).
413
Determining polygenicity versus sparsity using the elastic net 414 We used the glmnet R package to fit an elastic net model where the tuning parameter is 415 chosen via 10-fold cross-validation to maximize prediction performance measured by 416 Pearson's R 2 [52, 53] .
417
The elastic net penalty is controlled by mixing parameter α, which spans LASSO 418 (α = 1, the default) [19] at one extreme and ridge regression (α = 0) [20] at the other.
419
The ridge penalty shrinks the coefficients of correlated SNPs towards each other, while 420
the LASSO tends to pick one of the correlated SNPs and discard the others. Thus, an 421 optimal prediction R 2 for α = 0 means the gene expression trait is highly polygenic, while an optimal prediction R 2 for α = 1 means the trait is highly sparse.
In the DGN cohort, we tested 21 values of the mixing parameter 424 (α = 0, 0.05, 0.1, ..., 0.90, 0.95, 1) for optimal prediction of gene expression of the 341 425 genes on chromosome 22. In order to compare prediction R 2 values across α values, we 426 used common folds and seeds for each run. For the rest of the autosomes in DGN and 427 for whole tissue, cross-tissue, and tissue-specific expression in the GTEx cohort, we 428 tested α = 0.05, 0.5, 1.
429
Orthogonal Tissue Decomposition (OTD) 430 We use a mixed effects model to decompose the expression level of a gene into a 431 subject-specific component and a subject-by-tissue-specific component. We fit the 432 model one gene at a time and to simplify notation we assume the gene index, g, is 433 implicit and drop it from the equations below. The expression Y of a gene g for
is the random subject level intercept, Y TS i,t is the random subject by tissue 436 intercept, Z i represents covariates (for overall intercept, tissue intercept, gender, and 437 PEER factors), and i,t is the error term. We assume Y CT i ∼ N (0, σ 2 CT ),
438
Y TS i,t ∼ N (0, σ 2 TS ), ∼ N (0, σ 2 ), and that all three terms are independent of each other. 439
All variances are estimated by restricted maximum likelihood (REML). Y i,t,g = Y i,t is a 440 scalar. Z i is a vector of length p, which represents the number of covariates. β is a 441 vector of length p and represents the effects of covariates on the expression level of the 442 gene. The prime in Z i β represents the inner product between the two vectors. All given tissue/subject pair. GTEx [27] data consisted of expression measurement in multiple tissues for each subject, thus multiple replicates per subject were available.
452
However, there were very few replicated measurement for a given tissue/subject pair.
453
Thus, we fit the reduced model and use the estimates of the residual as the 454 tissue-specific component.
We consider the expression level of a gene at a given tissue for individual i to be > 0 in at least 3 individuals were included in the model.
472
OTD simulation 473
To test the robustness of our method, we generated simulated expression levels so that 474
we could compare our estimates with the ground truth. To preserve correlation 475 structure between genes and tissues, we used the cross-tissue and tissue-specific To verify that the newly derived cross-tissue and tissue-specific traits were capturing the 488 expected properties, we used the results of the multi-tissue eQTL analysis developed by 489
Flutre et al. [33] and performed on nine tissues from the pilot phase of the GTEx 490 project [27] . In particular, we downloaded the posterior probabilities of a gene being 491 actively regulated in a tissue (PPA) from the GTEx portal at 492 http://www.gtexportal.org/static/datasets/gtex_analysis_pilot_v3/multi_ 493 tissue_eqtls/Multi_tissue_eQTL_GTEx_Pilot_Phase_datasets.tar. PPA can be 494 interpreted as the probability a gene is regulated by an eQTL in tissue t given the data. 495
In the GTEx pilot, the most significant eQTL per gene was used to compute PPA [27] . 496 PPA is computed from a joint analysis of all tissues and takes account of sharing of 497 eQTLs among tissues [33] . For example, consider a SNP showing modest association 498 with expression in tissue t. If this SNP also shows strong association in the other 499 tissues, then it will be assigned a higher probability of being an active eQTL in tissue t 500 than if it showed no association in the other tissues [33] .
501
We reasoned that genes with large cross-tissue component (i.e. high cross-tissue h 2 ) 502 would have more uniform PPA across tissues. Thus we defined for each gene a measure 503 of uniformity, U g , across tissues based on the nine-dimensional vector of PPAs using the 504 entropy formula. More specifically, we divided each vector of PPA by their sum across 505 tissues and computed the measure of uniformity as follows: where p t,g is the normalized PPA for gene g and tissue t.
S5 Fig
BSLMM and LMM estimates of heritability in GTEx compared to IBD estimates This figure shows the comparison between estimates of heritability using BSLMM vs. LMM (GCTA) for GTEx data. Here, in both models the estimates are constrained to be between 0 and 1. For most genes BSLMM estimates are larger than LMM estimates reflecting the fact that BSLMM yields better estimates of heritability because of its ability to account for the sparse component. Each point is colored according to that gene's estimate of h 2 by shared identity by descent (IBD) in Price et al. [29] . At the bottom left of each panel, we show the IBD correlation with BSLMM (IBD v BSLMM) and LMM (IBD v LMM). BSLMM is consistently more correlated with the IBD estimate. This provides further evidence that LMM is underestimating h 2 for these genes.
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S11 Fig
GTEx orthogonal tissue decomposition cross-tissue and tissue-specific expression cross-validated predictive performance across the elastic net.
The difference between the cross validated R 2 of the LASSO model and the elastic net model mixing parameters 0.05 and 0.5 for autosomal protein coding genes per cross-tissue and tissue-specific gene expression traits. Elastic net with α = 0.5 values hover around zero, meaning that it has similar predictive performance to LASSO. The R 2 difference of the more polygenic model (elastic net with α = 0.05) is mostly above the 0 line, indicating that this model performs worse than the LASSO model across decomposed tissues. 
